IntroductIon
Genomic prediction using thousands of SNP has been applied in various cattle breeds after genomic selection (Gs) was first introduced by Meuwissen et al. (2001) . In practice, GS has been shown to increase the accuracy of EPD and has become widespread in both the dairy and beef cattle industries. Since its inception, numerous GS models, validation approaches, and SNP panels have been proposed to further improve the accuracy of genomic prediction.
The benefit of implementing GS depends, in part, on the accuracy of molecular breeding values (MbV). AbstrAct: Genomic selection (GS) has become an integral part of genetic evaluation methodology and has been applied to all major livestock species, including beef and dairy cattle, pigs, and chickens. Significant contributions in increased accuracy of selection decisions have been clearly illustrated in dairy cattle after practical application of GS. In the majority of U.S. beef cattle breeds, similar efforts have also been made to increase the accuracy of genetic merit estimates through the inclusion of genomic information into routine genetic evaluations using a variety of methods. However, prediction accuracies can vary relative to panel density, the number of folds used for folds cross-validation, and the choice of dependent variables (e.g., EBV, deregressed EBV, adjusted phenotypes). The aim of this study was to evaluate the accuracy of genomic predictors for Red Angus beef cattle with different strategies used in training and evaluation. The reference population consisted of 9,776 Red Angus animals whose genotypes were imputed to 2 medium-density panels consisting of over 50,000 (50K) and approximately 80,000 (80K) SNP. Using the imputed panels, we determined the influence of marker density, exclusion (deregressed EPD adjusting for parental information [DEPD-PA]) or inclusion (deregressed EPD without adjusting for parental information [DEPD] ) of parental information in the deregressed EPD used as the dependent variable, and the number of clusters used to partition training animals (3, 5, or 10) . A BayesC model with π set to 0.99 was used to predict molecular breeding values (MBV) for 13 traits for which EPD existed. The prediction accuracies were measured as genetic correlations between MBV and weighted deregressed EPD.
The average accuracies across all traits were 0.540 and 0.552 when using the 50K and 80K SNP panels, respectively, and 0.538, 0.541, and 0.561 when using 3, 5, and 10 folds, respectively, for cross-validation. Using DEPD-PA as the response variable resulted in higher accuracies of MBV than those obtained by DEPD for growth and carcass traits. When DEPD were used as the response variable, accuracies were greater for threshold traits and those that are sex limited, likely due to the fact that these traits suffer from a lack of information content and excluding animals in training with only parental information substantially decreases the training population size. It is recommended that the contribution of parental average to deregressed EPD should be removed in the construction of genomic prediction equations. The difference in terms of prediction accuracies between the 2 SNP panels or the number of folds compared herein was negligible.
tors related to information content and model choice, including size of the training population and marker density (Daetwyler et al., 2008; Su et al., 2012; Haiber, 2013) , method of clustering animals for cross-validation and the relationship between the reference and validation populations (Habier et al., 2007 (Habier et al., , 2010 Saatchi et al., 2011) , the choice of response variables (e.g., EPD or deregressed EPD without adjusting for parental information [dePd] ; Ostersen et al., 2011; Gunia et al., 2014) , and the use of a weighting factor (or residual polygenic component) in the model (Calus and Veerkamp, 2007; Garrick et al., 2009 ). The impact of GS is also dependent on the genetic architecture of the trait (Hayes et al., 2010; Gunia et al., 2014; Gao et al., 2015) and the structure of the population (Goddard and Hayes, 2009 ). The majority of GS strategies and statistical method comparisons relative to cattle have been performed using medium-(e.g., over 50,000 SNP [50K]) and high-density (e.g., over 770,000 SNP [777K]) SNP panels. Currently, a multitude of SNP panels are available. Consequently, the objectives of the current study were to evaluate the effect of 1) DEPD with and without (deregressed EPD adjusting for parental information [dePd-PA]) mid-parent average information as a response variable in training, 2) the impact of 2 marker densities commonly used in beef cattle populations in the United States (50K and approximately 80,000 SNP [80K]), and 3) the number of clusters for cross-validation on the accuracy of genomic prediction in U.S. Red Angus beef cattle.
MAterIAls And MetHods
Animal Care and Use Committee approval for this study was not obtained given that the data were obtained from existing databases.
Imputation and Data Editing
A total of 9,776 Red Angus beef cattle were genotyped using 5 different SNP panels (Table 1) : BovineSNP50 version 2 (Illumina, Inc., San Diego, CA) and GGPLD version 1, GGPLD version 2, GGPHD, and GGPHD version 2 (Neogen Agrigenomics, Lincoln, NE). These SNP panels were imputed to 2 medium-density SNP panels (BovineSNP50 version 2 and GGPHD) consisting of 50K and 80K SNP markers, respectively, with the following 2 steps. First, Beagle version 3.3.2 (Browning and Browning, 2007) was used for phasing of 2 SNP panels (50K and 80K) to be used for the reference panel. Then, FImpute version 2.2 (Sargolzaei et al., 2014) was used to impute from the various SNP panels to both of the reference panels (50K or 80K). After excluding unmapped SNP and SNP on sex chromosomes, the available number of SNP markers for the 50K and 80K panels were 52,184 and 76,681, respectively. Duplicate animals (n = 396) and animals with a recorded sex in the pedigree file that did not match the sex determined by genotypes on the X chromosome (n = 230) were removed. Duplicate animals occurred due to regenotyping to generate acceptable marker call rates. Consequently, no animals were removed based on marker call rates. Furthermore, genotype identification that could not be matched to a corresponding animal in the pedigree file was removed, leaving 7,652 animals for further analysis.
Response Variables
Expected progeny differences and corresponding Beef Improvement Federation accuracies (BIF, 2010) for the genotyped animals and their sires and dams were obtained from the Red Angus Association of America for 13 traits including back fat thickness (bFAt), birth weight (bWt), calving ease direct (ce), calving ease maternal (cetM), carcass weight (cWt), marbling score (MArb), maternal milk ability (MIlK), rib eye muscle area (reA), stayability (stAY), weaning weight (WWt), yearling weight (YWt), heifer pregnancy (HPG), and maintenance energy (Men). Beef Improvement Federation accuracies were transformed to reliabilities and EPD were deregressed following the methods of Garrick et al. (2009) . The proportion of genetic variance not accounted for by the markers, c, was assumed to be equal to 0.40 (Saatchi et al., 2012) . Deregressed EPD adjusting for parental information were formed by a combination of deregression (dividing by the reliability of EPD) after adjusting for ancestral information (i.e., parental average) such that the information content of the EPD contained only their own phenotypic information and that of their descendants. Deregressed EPD without adjusting for parental information were formed by deregression (dividing by the reliability of EPD) without adjusting for parental information. To ensure the quality of deregressed EPD (DEPD-PA and DEPD), animals with a reliability less than 0.10 were removed. After filtering, 7,652 registered Red Angus animals with deregressed EPD and genotypes were available for further analysis. Descriptive statistics of EPD and the 2 response variables (DEPD-PA and DEPD) for these animals after removing animals with a reliability less than 0.1 are reported in Table 2 .
K-Means Clustering
K-means cross-validation (Hartigan and Wong, 1979 ) using 3, 5, or 10 folds was used to partition animals for the purpose of reducing the relationships between training and evaluation populations. Animals were assigned to folds based on the numerator relationship matrix such that relationships within a fold were maximized and relationships between folds were minimized. The distance matrix between genotyped animals was computed from elements of the relationship matrix as d ij = 1 − {a ij /[(a ii a jj ) 1/2 ]} as described by Saatchi et al. (2011) , in which d ij is a measure of pedigree distance between individual i and individual j, a ij is the additive genetic relationship between individual i and individual j, and a ii and a jj are diagonal elements of the A matrix. We computed the relationship matrix for 7,652 genotyped animals using a pedigree of 44,570 animals and then computed a distance matrix between the genotyped animals as described above. Given that K-means clustering is defined by a data matrix, the distance matrix was used and treated as a data matrix for the purposes of partitioning animals using K-means clustering following Saatchi et al. (2011) . The number of individuals within each fold and within and between fold averages of a max and a ij and their SD are presented in Table 3 .
Estimation of SNP Effects
A BayesC model (Kizilkaya et al., 2010 ) with π set to 0.99 was used to estimate SNP effects using GenSel4R software . BayesC was chosen because Habier et al. (2011) reported that BayesC is less sensitive to prior assumptions than BayesB (Meuwissen et al., 2001 ) and the majority of U.S. beef associations have used prediction equations constructed using BayesC with fixed π set to be 0.99 (Kachman et al., 2013) . For each trait, the following model was fitted to estimate marker effects: 2 BFAT = back fat thickness; BWT = birth weight; CE = calving ease direct; CETM = calving ease maternal; CWT = carcass weight; HPG = heifer pregnancy; MARB = marbling score; MEN = maintenance energy; MILK = maternal milk ability; REA = rib eye muscle area; STAY = stayability; WWT = weaning weight; YWT = yearling weight.
3 Beef Improvement Federation (2010) accuracy.
4 DEPD-PA = deregressed EPD adjusting for parental information.
5 DEPD = deregressed EPD without adjusting for parental information.
in which y i is DEPD-PA or DEPD for animal i for the respective trait; μ is the population mean; k is the number of markers; Z ij is allelic state at SNP j in individual i; and u j is the random substitution effect for marker j, which is conditional on σ u 2 , which was assumed to be normally distributed N(0, σ u 2 ). A mixture of 2 distributions for the random substitution effect was assumed according to the indicator variable (δ j ), in which δ j is a Bernoulli variable indicating the absence or presence of marker j in the model, and e i is a random residual effect assumed normally distributed N(0, σ e 2 ). The total number of Markov chain Monte Carlo samples was 41,000, of which the first 1,000 were discarded as burn-in. Molecular breeding values were calculated as the sum of marker effects weighted by the SNP content.
The Accuracy of Molecular Breeding Values
A bivariate animal model was used that included MBV of genotyped animals estimated using genotypes from animals not in that animal's fold and weighted deregressed EPD to estimate genetic correlations using ASReml version 4.1 software (Gilmour et al., 2015) . The 2-generation pedigree included 14,329 animals, and the same pedigree was used for each bivariate analysis. The model for MBV included fixed effects for the intercept and fold, random common and fold-specific additive genetic effects, and a residual with variance fixed at 0.0001% of the unweighted phenotypic variance of the deregressed EPD. The model for the deregressed EPD included a fixed effect for the intercept, a random additive genetic effect, and a weighted random residual with var(e) = Wσ e 2 , in which W is the r-inverse weights according to the reliabilities of animal's DEPD, which were the same as used in training for the estimation of SNP effects. The additive genetic and unweighted residual variances were fixed at 0.4 and 0.6, respectively, of the deregressed unweighted phenotypic variance of the EPD. Resulting genetic correlations were the genetic correlations between the common additive genetic effect of the MBV and the additive genetic effect of the deregressed EPD.
results

Single Nucleotide Polymorphism Density
The accuracies of MBV for the 50K and 80K are presented in Tables 4 and 5 , respectively. Comparing SNP panels, the accuracies of MBV using the 50K ranged from 0.246 (HPG) to 0.842 (CWT) and from 0.261 (MILK) to 0.824 (CWT) for DEPD-PA and DEPD, respectively, across all variations in the number of folds used for cross-validation. A similar trend was observed when using the 80K, with a range of accuracies from 0.270 (HPG) to 0.836 (CWT) and from 0.264 (MILK) and 0.836 (CWT) for DEPD-PA and DEPD, respectively. The mean accuracy of MBV across all traits, response variables, and number of folds for crossvalidation were 0.540 using a 50K genotype panel and 0.552 using a 80K genotype panel. The largest difference in mean accuracy of MBV between the 2 genotype panels was found for MARB (0.036) followed by ME (0.027) and REA (0.025). These results indicate very similar levels of accuracy of MBV between using Bovine SNP50K and GGPHD genotype panels.
Number of Folds for Cross-Validation
To verify the effect of the number of folds used to partition animals in training on accuracies of MBV, the predictive abilities of MBV were further assessed by comparing 3-, 5-, and 10-fold cross-validation. Tables  4 and 5 show the accuracies of MBV by the number of folds using the same response variables and SNP density for all traits. The mean accuracies of MBV across all traits were 0.549, 0.559, and 0.581 using 3, 5, and 10 folds, respectively, with DEPD-PA. With DEPD, the mean accuracies of MBV were 0.526, 0.523, and 0.540 for 3, 5, and 10 folds, respectively. These results indicate that the mean accuracies of MBV were similar or slightly greater as the number of folds increased. However, higher accuracies were observed when the number of folds was less than 10 (e.g., 3 or 5 folds) for CE, CETM, and ME when DEPD-PA was used as the response variable or for HPG, ME, and STAY when DEPD was used as the response variable for both SNP densities.
Removal of Parental Information
The average accuracies across the studied traits were 0.546 and 0.553 for 50K and 80K, respectively, based on DEPD-PA and 0.520 and 0.532 for 50K and 80K, respectively, based on DEPD with 3-fold cross-validation (Tables 4 and 5 ). The use of different response variables (DEPD-PA and DEPD) produced noticeable differences in the accuracy of MBV. Using either the 50K or the 80K, the accuracy of MBV based on the DEPD-PA was greater than that based on DEPD for WWT (33.1%), YWT (25.6%), MILK (14.2%), REA (8.5%), STAY (7.2%), MARB (4.7%), and BWT (3.0%). However, increased accuracy of MBV based on DEPD was found for HPG (37%), CE (11.5%), and ME (3.7%). Differences in accuracy of MBV between DEPD-PA and DEPD were not found for BFAT, CETM, and CWT. Across both SNP densities and all numbers of folds in cross-validation, average accuracies of MBV across all traits were 3.3% greater for DEPD-PA than for DEPD.
dIscussIon
In the current study, we compared the accuracy of MBV across 13 traits with 2 different marker density genotype panels (50K vs. 80K). The results showed no significant improvement in the accuracy of MBV based on increasing the SNP density. These results are consistent with those of previous studies (Erbe et al., 2012; Su et al., 2012; Gunia et al., 2014; Lu et al., 2016) , which compared the accuracy between the 777K and 50K genotype panels. Su et al. (2012) observed no difference in prediction accuracy when the imputed 777K panel was used rather than 50K panel for the traits of protein, fertility, and udder health in Nordic Holstein and Red Dairy cattle. Erbe et al. (2012) also reported no gain in accuracy when using the 777K panel vs. the 50K panel within breed. In French Charolais beef cattle, Gunia et al. (2014) reported that the mean accuracy for 5 traits (birth and weaning weight, calving ease, and muscular and skeletal developments) using a 777K panel was slightly reduced (0.03) compared with using a 50K panel when using genomic BLUP (GbluP), and similar accuracy was observed using a BayesC model. In other beef cattle breeds, for feed efficiency traits, Lu et al. (2016) compared the accuracies between 50K and high-density (e.g., 777K) panels and found that using the 50K panel resulted in slightly higher accuracy in pure breeds (Angus and Charolais) and similar accuracy in crossbreds (Angus-Hereford cross and Beefbooster composite). Taken together, our current results (50K vs. 80K) and the results of other genomic evaluation studies (777K vs. 50K) suggest that there are no significant differences in prediction accuracies by simply increasing SNP density. These are contrary to the expectation that the accuracy of genomic prediction could improve as a result of an increased degree of linkage disequilibrium (ld) between SNP markers and QTL (Meuwissen and Goddard, 2010 ) and the result that the extent of LD had major impact on the prediction accuracy in simulation study (Brito et al., 2011) . The reason why this expectation was not realized could be due to a general lack of strong LD between markers and QTL and the fact that adding additional noninformative SNP simply adds an additional source of noise to prediction equations. Cross-validation using the K-folds clustering method is often used to evaluate the performance of genomic predictions (Saatchi et al., 2011; Boddhireddy et al., 2014) . The genotyped animals in this study were clustered by various numbers of folds (3, 5, and 10 folds) for cross-validation using K-means clustering methodology to maximize the differences in relatedness between training and evaluation data sets. As we applied the same clustering methodology, we observed the ratios of average relatedness between training and evaluation data sets (a ij_ratio ; 1.48 vs. 1.83 vs. 2.80) were larger by increasing the number of folds for crossvalidation (Table 3) . According to previous studies (Boddhireddy et al., 2014; Lu et al., 2016) , increasing the number of animals in training has been shown to increase the accuracy of genomic predictors. The results of the current study showed similar or very slight improvements in mean accuracy of MBV with a larger number of folds for cross-validation for growth (BWT, WWT, and YWT) and carcass (BFAT, CWT, MARB, and REA) traits. These traits are at least moderately heritable and are not sex limited, meaning that the information content of individual animal EPD is greater and more animals were available for training. It is possible that the advantage of increasing the training data size by increasing the number of folds was offset by increasing the average relatedness between training and evaluation data sets. However, this similar or very slight increase in accuracy of MBV was not observed for CE, CETM, and ME based on DEPD-PA and for HPG, ME, and STAY based on DEPD due to the decreased number of animals contained in the training data set because several animal records were eliminated based on a reliability cutoff in the deregression process. More distant relationships compared with other traits in terms of the ratios of average relatedness (a ij_ratio ) between training and evaluation data sets were observed for CE, CETM, and ME based on DEPD-PA and for HPG, ME, and STAY based on DEPD in 10-fold cross-validation. This likely resulted in decreased accuracies of MBV for 10-fold cross-validation compared with either 3 or 5 folds.
When comparing results using either DEPD-PA or DEPD, we found increased prediction accuracies for growth and carcass traits based on DEPD-PA. As opposed to sex-limited traits, it is possible for all individuals to have a growth or carcass (using ultrasound proxies) record relatively early in life (before or shortly after 1 yr of age). Given the added information content available for these traits, the removal of parental average removed a source of "noise" in the analysis. The comparison of results from differing response variables were also reported in previous studies (Guo et al., 2010; Ostersen et al., 2011; Boddhireddy et al., 2014; Gunia et al., 2014) , which compared the prediction accuracies between daughter yield variation and EBV or DEBV and EBV. Ostersen et al. (2011) reported that the improvement in accuracy was approximately 39 and 18% for daily gain and feed conversion ratio when using DEBV compared with EBV as response variables, respectively, in a swine population. Gunia et al. (2014) also reported a slightly greater accuracy by using DEBV rather than EBV for growth and development traits in Charolais beef cattle. On the other hand, Guo et al. (2010) reported that using EBV performed slightly better than using daughter yield variation in terms of prediction accuracies across simulation scenarios. Using Angus cattle, Boddhireddy et al. (2014) observed that the accuracies obtained using EBV as response variables were higher than those obtained using DEBV in both cross-and external validations. Interestingly, in the current study we found decreased prediction accuracies for recently introduced and sex-limited traits (e.g., CE, CETM, HPG, and ME) when using DEPD-PA as the response variable. The EPD of these traits were associated with lower reliabilities than growth and carcass traits and thus inherently reduce the size of the training population compared with these other traits after removing low-reliability animals from the analysis. Removing parental average as part of the deregression process has been reported as theoretically more appropriate to address the issue of double counting (Garrick et al., 2009; Ostersen et al., 2011) . We contend that the inclusion of animals in training without information content beyond parental average contributes to the issue of double counting as evidenced by the increased, perhaps inflated, genetic correlations when DEPD was used for traits that suffer from a general lack of phenotypic information. These results are consistent with those reported by Boddhireddy et al. (2014) , in which using EBV as the response variable without removing parental contribution yielded greater prediction accuracies compared with DEBV with the parental contribution removed for the traits with low heritability.
Comparison of Genomic Prediction Accuracy in Other Beef Cattle Breeds
A direct comparison of the accuracy of MBV across studies and populations is challenging given differences in clustering methodologies (e.g., random vs. K-means vs. identity by state IBS clustering), the metric used to assess accuracy (e.g., simple vs. genetic correlation), and the models used (e.g., GBLUP vs. Bayesian mixture models). The mean accuracies of MBV across the studied traits obtained for Red Angus beef cattle in this study were greater than those reported by Gunia et al. (2014) in Charolais beef cattle (0.40) using a BayesC model and the Bovine SNP50K genotype panel and by Fernandes Júnior et al. (2016) in Nellore cattle when applying adjusted phenotype (0.35) or EBV (0.31) as response variables using a BayesC model. Similar mean accuracy of MBV across the studied traits was reported by Saatchi et al. (2012) in Limousin (0.55) and Simmental (0.50) beef cattle breeds using K-means clustering. Boddhireddy et al. (2014) reported mean accuracies of 0.51 in Angus beef cattle with K-means cross-validation and using DEBV as the response variable.
Conclusion
This study compared 2 response variables, 2 panel densities, and various cluster sizes for K-mean crossvalidation and reported the corresponding impacts on the accuracy of MBV. The differences between panel densities (50K vs. 80K) were negligible. The number of clusters used for cross-validation is likely population specific and is defined a priori. The current study showed little impact on the number of clusters assumed and further illustrated that there is a trade-off between the number of clusters, the training population size, and the relationship between clusters. Of the 3 considerations contemplated herein (panel density, number of clusters for cross-validation, and the choice of response variables), resulting genetic correlations seem to be the most sensitive to the choice of response variables. The DEPD-PA response variable resulted in higher MBV accuracies for growth and carcass traits and much more conservative values for recent sex-limited traits where information content, and therefore, the number of animals in training, is the lowest. Genomic predictions built for traits with limited training data, as was the case for some sex-limited traits in the current study, should be viewed with caution. Consequently, for U.S. Red Angus beef cattle, the recommendation would be to use genomic prediction equations derived from the use of DEPD-PA, and that the choice of the 2 panels considered herein is not consequential and should be based on factors other than prediction accuracy. lIterAture cIted
